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Abstract. Increasing digitization and the associated tremendous usage of
technology have led to data of unprecedented quantity, variety, and speed, which
is generated, processed, and required in almost all areas of industry and life. The
value creation and capturing from data presents companies with numerous
challenges, as they must create or adapt appropriate structures and processes. As
a link between corporate strategy and business processes, business models are a
suitable instrument for meeting these challenges. However, few research has
been conducted focusing on data-based monetization in the context of datadriven business models so far. Based on a systematic literature review the paper
identifies five key components and 23 characteristics of data-driven business
models having crucial influence on data-based value creation and value capturing
and thus on monetization. The components represent key factors for achieving
commercial benefits from data and serve as guidance for exploring and designing
suitable data-driven business models.
Keywords: Data-Driven Business Model, Big Data, Internet of Things, Value
Creation, Digitalization
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Introduction

In the twentieth century, oil was considered humanity’s most important and, above all,
most valuable resource. This has changed with the arrival of global, data-driven
corporations such as Google, Apple, and Amazon and the digital transformation of
almost every sphere of life [1]. The primary drivers of this transformation are social,
mobile, analytics, and cloud-computing technologies [2, 3]. Central to this development
are digitized, intelligent products that comprise the Internet of Things (IoT). Based on
increasingly powerful and cost-effective hardware, these smart products are now
establishing themselves not only in technology-related sectors but also in domains like
agriculture and retail [4, 5].
According to a study by McKinsey, more than 43 billion smart products equipped
with sensors and actuators will be in use by 2023 [6]. These devices collect data not
only about their own operations but also about their environment [5]. The bandwidth
of the data collected ranges from simple binary values like 0 or 1, as for the system
status, to numerical values like ambient temperature through complex audio and video
17th International Conference on Wirtschaftsinformatik,
February 2022, Nürnberg, Germany

signals, thus enabling innovative services [7]. Regardless of the type and characteristics
of the data, by 2025 a data volume of 79.4 zettabytes (1021) is expected to be generated
by smart products alone [8].
This ubiquitous and cost effective generated data, combined with the vast range of
analytics technologies already available, brings a huge potential for business value [9].
In order to harness this potential and create added value for companies, it is essential to
elevate the collected data to a semantically higher level [10]. However, use of
technology alone is not sufficient for this purpose; it is essential to create and capture
value from the data resource as part of an overarching business model [11].
However, the development of data-driven business models presents companies with
major challenges, as technological concepts like machine learning and the
corresponding process and technology workflows for data analysis and data
management must be established [12, 13]. Yet, many organizations currently lack a
fundamental understanding of how to develop new data-driven business models or
transform existing models into data-driven offerings [13–15]. Furthermore, how value
is extracted from data and finally captured depends on the maturity of an organization's
technical and analytical capabilities, which is why business models—especially those
of startups—change and evolve over time to establish their market position [16, 17].
Regardless, the specific components that are crucial for value creation and value
capturing within data-driven business models have been sparsely investigated within
the field of research [18, 19]. In particular, the aspect of monetization, which has a
significant influence on the business model's performance, so far has only been
investigated in a few studies [19–21]. This raises the question how the almost
inexhaustible data can be monetized. The concept of monetization, which encompasses
value creation through the use of data in innovative ways as well as value capturing
through the design and implementation of appropriate revenue models, is used in the
following as a theoretical lens for exploring data-driven business models [18, 22–24].
As a foundation for assessing and designing data-driven business models, it is essential
to understand core components having crucial impact on value creation from data and
value capturing, thus establishing prerequisites for data monetization. Against this
background, this paper aims to answer the following research question:
Which key components of data-driven business models impact
data-based value creation and value capturing?
To address this question, we present five key business model components and their
characteristics, based on a systematic literature review according to [25]. The remainder
of the paper is structured as follows. First, the fundamentals of business models and
different conceptual views of data-driven business models are introduced.
Subsequently, the research process for developing the components and characteristics
is presented. Building on this, the individual components are assigned to the dimensions
of a business model and explained based on their characteristics. The paper concludes
with the limitations of the work and suggestions for future research.

2

Data-Driven Business Models

The concept of business model recently experienced an upswing within the literature.
However, no uniform definition of the business model concept exists, resulting in
different ontologies and representations [26–28]. Therefore, several forms (e.g., model,
method, framework) as well as different representations such as flow logic (e.g., e3
value method) or holistic approaches (e.g., business model canvas) exist [27–30].
Business models describe how companies realize their business and assist in
implementing strategy through organizational structures, processes, and systems [31].
Thus, a business model is “a simplified and aggregated representation of the relevant
activities of a company. It describes how marketable information, products and/or
services are generated by means of a company's value-added component” [26, p. 41].
Thereby the business model serves as an interface between strategy and operational
business processes [32, 33].
The business model supports consideration of essential components within an
organization as well as its connections and interactions with the external environment
from a holistic perspective [33, 34]. The underlying assumption is that merely
developing a new technology is insufficient, but rather it must be embedded in a suitable
business model in order to be successful [35, 36]. The essential components of a
business model include the dimensions value proposition, value architecture, value
network, and value finance [33]. Value proposition includes components that describe
how needs of target customer segments are satisfied through the offering, while value
architecture represents the technological and organizational infrastructure and its
configuration. The value network adopts a cross-company view, specifying how
transactions between multiple parties are managed, whereas the value finance
dimension answers questions related to pricing, costing, and revenue sharing.
Digital business models use information and communication technologies to create,
deliver and capture value [37]. Due to the increasing use of digital technologies,
viewing business practices from a service perspective has proven effective. In addition,
the complexity of services has increased noticeably, because organizations often work
together in collaborative networks to pool resources and jointly create value, which in
turn has implications on the formulation of digital business models [38].
Two research streams are emerging in the field of digital business models, from
which the generic subtypes data-driven and digital platform business models arise [35].
Data-driven business models (e.g., Data Provider, Analytics-as-a-Service) are based on
data as a key resource, while digital platform business models (e.g., Software Platform
BM, Electronic Marketplace) exploit the potential of network effects. Data-platform
business models (e.g., Data Marketplace, IoT-Platforms) are a combination of these
generic types and exploit both data and network effects to generate added value [35].
Furthermore, the term "big-data business models" is used, which shows overlaps
with the above-mentioned concepts of data-driven and data-platform business models,
but from a different point of view [14]. From this perspective, big data and related
technologies are a set of strategic capabilities that support value creation and value
capture for companies across a wide range of industries. Here, data is generated by
innovative technologies, such as wearables or the industrial internet of things. In this

context, three main types of company pursuing big data business models are
differentiated. Data users employ data for internal purposes, such as strategic decision
making or enrichment of their products and services. Data suppliers offer their data to
data users, while data intermediaries offer infrastructure solutions like hardware,
software, and other data-related services that are used by data users or data suppliers
[14, 39].
In the context of this study, we regard data-driven business models as innovative
services that use data as a key resource and create added value for customers through
its generation, aggregation, or analysis. Since data plays an essential role within the
above-mentioned data-platform business models, they are included in the scope of the
study [35]. The representation of a data-driven business model can serve as a
communication medium in organizations and support them in developing new ideas,
identifying possible problems, developing suitable solutions in the context of joint
discussions, and finally specifying the data-based value creation and value capturing
thus enabling monetization of data [18, 28].

3

Research Method

The foundation for the development of morphological box for core components of value
creation in data-driven business models is an explorative analysis of the topic based on
a systematic literature analysis according to Webster and Watson [25] in combination
with vom Brocke et al. [40]. To cover a wide spectrum and adopt a holistic perspective,
we decided not only to examine the business aspects of value creation, but also integrate
the technological driving factors into the analysis.
Based on this objective, a literature search was conducted in eight common databases
(ACM, AISeL, EBSCOhost, IEEE Xplore, ProQuest, ScienceDirect, Scopus, Web of
Science) using combinations of the search terms “data driven” or “big data” and
“business model” in the Title, Abstract, and Keywords fields. To ensure the highest
possible degree of quality, the search was enriched with additional quality criteria. We
only considered publications that were published in English or German in peerreviewed organs in the period from 2010 to November 2021. Furthermore, publications
were excluded that did not coincide with our understanding of business models and big
data or that focused purely on individual technological aspects and therefore had no
relationship to value creation or capturing.

Initial literature
research

Title, abstract,
and keywords

Extraction of
duplicates

Full-text
analysis

Forward &
Backward
search

Final result set

4400

129

105

27

6

33

Figure 1. Process of literature analysis

Based on these quality factors, a total of 4400 publications can be identified within the
eight databases, of which 129 are declared relevant based on title, abstract and
keywords. After deducting the duplicates, 105 publications remain. Based on a full-text
analysis carried out independently by two scientists, 27 publications were included into
the final result set. Since the topic of data-driven business models as well as the
underlying technology concepts are continuously evolving and the objective of the
literature search has an exploratory character, a forward and backward search was
performed proceeding from the final literature set. Using that approach, the literature
sample could be expanded by six papers to 33 publications (Figure 1).
To identify, extract, and aggregate the key dimensions and characteristics of value
creation and value capturing in data-driven business models, the final literature sample
was coded in three iterative steps following Webster and Watson's concept matrix
approach [25]. The foundation and therefore theoretical lens of the coding were
business model dimensions according to [33]. Through the coding process, five core
components and 23 characteristics for data-driven business models were identified.
Both implicitly and explicitly presented concepts were considered in the identification
and aggregation process. The resulting concept matrix is presented in the appendix.

4

Components of Data-Driven Business Models

The key components and characteristics of data-driven business models with impact on
value creation are represented as a morphological box (Table 1) and described below.
The numbers in parentheses indicate the percentage of explicit and implicit mentions
in the literature analysed. As part of the analysis, we took the company's internal view
and classified the components accordingly. Subsequently, the components were
assigned dimensions following to the ontological structure according to [33]. The
components data processing, data analysis and data utilization comprise essential
organizational resources and core competencies and therefore are allocated to the value
architecture dimension. The data network component describes interaction between
stakeholders and partner companies as part of the value network. Finally, the data yield
component specifies revenue generation mechanisms and is classified under the value
finance dimension. The components and features are described further below.

Table 1. Morphological box for core components of data-driven business models
Dimension

Value
Architecture

Component

Characteristics

Data
processing

Generation
(0.33)

Acquisition
(0.42)

Processing
(0.39)

Storing
(0.24)

Knowledge
extraction
(0.42)

Data
analysis

Descriptive
(0.36)

Diagnostic
(0.21)

Predictive
(0.42)

Prescriptive
(0.30)

None
(0.03)

Data
utilization

Decision support
(0.33)

Process
improvement
(0.42)

Product and service
improvement
(0.45)

New products
and services
(0.36)

Value
Network

Data
networking

Internal (0.12)

Suppliers (0.18)

Customers (0.30)

Partners (0.27)

Value
Finance

Data
yield

4.1

Free of charge
(0.39)

Freedom
from risk
(0.33)

Direct charge Risk transfer
(0.15)
(0.39)

Value
orientation
(0.33)

Data Processing

Data that already exist or are generated during service use must be further processed
into information and knowledge in order to gain insights and create value [41]. Due to
limited computing capacity and data sharing regulations, successive data processing in
the form of the data value chain has proven to be a value-added measure [42] within
which each key activity may be mapped by a dedicated business model. As a result,
data users may depend on services provided by data brokers or data vendors [16, 39].
Data processing is thus the starting point for data utilization, in the context of which
strategic decisions can be improved by gaining knowledge or integrating
operationalized knowledge processes into products and services.
Like many resources, data come with a cost. Increasing the amount of data alone
does not necessarily increase value, which is why organizations should use the value
contribution to decide what information is processed within the data value chain and
what can be dispensed with [39]. On the other hand, there are operational obstacles that
make it impossible for companies to capture essential data [14]. This means that
organizations must implement appropriate structural and technical measures to access
the essential data to ensure value creation.
The first characteristic of data processing is the generation of data, which can be
classified according to its type (structured, semi-structured, and unstructured) and
source (IoT, social media, operational data, and commercial data) [42]. During
acquisition, the mode of data flow (e.g., batch processing or a continuous data stream)
and the preliminary data structure are identified. The data are then transferred to a data
storage infrastructure such as a data lake [42]. The choice of appropriate data flow mode
can have an impact on the business model and should be made with respect to the goal
of value creation [43].
At this point, the heterogeneous data coming from multiple sources contain noise,
redundancy, and anomalies, resulting in increased storage space requirements and

reduced data quality [42]. This is addressed during processing, when numerous
adjustments are made to the data: filtration, extraction, aggregation, validation,
synthesis, or even transformation [41, 42]. In the context of storing, the processed data
are persisted considering a suitable storage system strategy. Here, storage and data
models (often NoSQL topologies) and distributed storage systems influence the
scalability and performance of data access and its representation [42]. The processed
data are then made available on data aggregation platforms as a data basis [44]. At this
point, there is a high level of detail that can be used for gaining knowledge due the level
of quality it has now reached [41]. In the final step, knowledge extraction of the mass
data takes place by identifying patterns, finding correlations, and deriving new
knowledge models [42]. Both statistical and machine learning approaches (e.g.,
supervised or reinforcement learning) are used for this purpose [41, 42].
4.2

Data Analysis

For the extraction of knowledge there exist a wide range of methods and tools for
analyzing large amounts of data. However, the main goal is always to obtain previously
unknown information and perhaps reveal patterns or relationships, which is also the
central difference between pure information processing and data analysis [41, 45, 46].
Regardless of the method, tool, or application scenario, the approaches can be classified
into four areas [47].
The descriptive approaches create the foundation. The focus here is on the
visualization of aggregated and cumulative data in the form of a dashboard and reports
that answer the question, “What happened?” [47, 48]. This approach allows, to
determine operating status and environment of smart products [49]. Based on this,
diagnostic analyses follow a deductive approach with a focus on the cause and
associated derivation of causal relationships [47, 48]. Predictive and prescriptive
analyses represent contrasting approaches in terms of both the time axis and the
question posed, but both are future-oriented. Predictive analysis methods aim to answer
the question of which events will occur in the future through the inductive analysis of
current and historical data, often with the support of machine learning [47, 48]. For
example, predictive analytics can uncover indications of an impending failure of an
automated teller machine while prescriptive analytics suggest measures to prevent this
failure [49]. In case the business model is based on the raw or pre-processed data only,
the None characteristic has been added [19].
4.3

Data Utilization

The availability of big data, its processing and analysis does not generate an advantage
per se for organizations or their customers. Rather, it is necessary to determine the
context first (data source, target group, technical effort, etc.) and develop a suitable
business model, which results in different utilization purposes of the gained knowledge
[13]. In the context of data-driven business models, the extracted knowledge can be
used in various ways to support decisions, optimize processes, improve existing

offerings, create new products and services, and thus redefine entire business areas [24,
50, 51].
Due to the large volume, high speed, and diversity of data sets, innovative processing
options can be used for decision support, making it possible to uncover and visualize
previously hidden knowledge [41, 42]. For example, insights from sentiment analysis
can help identify service issues that need improvement and decide which ones to
improve [52]. By enriching management practices with big data approaches,
organizations are able to expand their innovative strength and competitiveness [13, 51].
Furthermore, data can be used for internal process improvement to increase efficiency,
which does not necessarily have an impact on the value proposition [24, 28]. For
example, parcel delivery services can use big data analytics to optimize their routes or
dynamically adjust delivery times and locations, thereby reducing the number of
delivery attempts [53]. Another level of value creation is achieved by using data for
product and service improvement, which extends the value proposition [11, 28]. In this
context, needs can be uncovered and anticipated in order to offer each customer tailored
recommendations through an operationalized insight process based on that customer’s
wishes [41, 52, 54]. In addition, data can be used to identify new products and services
and thus generate a new value proposition [28]. For example, data analysis can be used
to uncover customer needs and ideas, on which basis entirely new services can be
developed [52].
4.4

Data Networking

Even more than classic business models, their data-driven counterparts focus on
companies’ cooperation with relevant market players and contribute significantly to the
value creation of a company [14, 53]. The focus here is on the degree of integration of
the actors and the associated dovetailing of the corresponding databases, which can be
divided into four segments [37].
The first area and the basis for the integration of further market players is the creation
of an internal database at the company level. The goals are the data-oriented elimination
of departmental boundaries and the elimination of data silos to consolidate a companywide, uniform database that relies on horizontal and vertical integration of the
functional areas. Based on this, further integration is oriented toward the company's
value chain. Technology concepts such as electronic data interchange make it possible
to integrate suppliers into the company's value creation process and to link its processes
and data with those of the suppliers. The integration of suppliers has a particularly
positive effect on information asymmetry and supply-relevant coordination processes
[13, 37]. Particularly in the context of data-driven business models—especially IoTbased models—the integration of the customer plays an essential role. This is because,
based on the capability spectrum of smart products, customers no longer represent
largely silent market participants; rather, they are actively involved in the value creation
of the company (value co-creation). For example, by using certain products, customers
voluntarily provide data that enables the company to offer an appropriate business
model or that helps improve it [55]. The fourth and last characteristic of the data
network is the integration of partners of equal or even superior value on the market.

The focus here is not only on pure dovetailing at the data level but also on the
development of longer-term cooperation on the basis of technology and process levels
with the aim of joint value creation [37, 54].
4.5

Data Yield

The choice of revenue mechanism enables data capturing and has direct impact on the
profitability and viability of an organization. For this reason, the mechanism should be
chosen to address and bind the largest possible group of potential customers [11, 56].
In the context of data-driven business models, standards such as subscriptions, pay per
use, and profit sharing have become established, and various, multi-sided forms of
revenue have emerged [22].
In the pay-per-use revenue mechanism, customers pay depending on the intensity of
their service use, accounting for factors such as number of users, time period, and data
volumes. Customer costs increase with service usage. With a subscription, by contrast,
the customer makes regular payments and receives continuous access to the service.
Dividing a subscription model into service levels like basic and professional enables a
company to limit the range of functions or volume of use. In the case of profit-sharing,
the service is remunerated on a percentage basis of the value generated on the customer
side. This mechanism is often used in recommendation systems in which success can
be quantified monetarily. Furthermore, there are multi-sided revenue mechanisms that
see customers pay indirectly for a service by sharing their data, which is then used, for
example, for personalized advertising, tailored partner offers, or study purposes [22,
56]. The choice of revenue mechanism depends on differentiated, company-specific
influencing factors such as the type of digital offering, constraints (technological and
otherwise), and the specific business model [56].
In the first form of characteristic, for example, a company may offer a service free
of charge, with the revenue mechanism often linked to another revenue model that is
not obvious to the customer, such as advertising, in order to generate revenue for the
company [22]. In addition, freemium models are used; they permit a free trial of the
basic service, with further functions added if required or desired (e.g., through in-app
purchases) [24]. The characteristic of freedom from risk enables the customer to try out
a service without making any major commitments, as by offering a pay-per-use revenue
mechanism [56] or a free trial period. Once the customer has become accustomed to
and personally invested in the service, the lock-in effect can be used to further increase
revenue through the built-up customer base [56]. In this case, for example, a larger
range of functions is offered in combination with a subscription model, which results
in a direct charge to the customer. In the next form of characteristic, the partial transfer
of risk of infrastructure provision to the customer can take place by using the lock-in
effect so that the customer makes an advance commitment of a minimum purchase
level. For instance, price reductions or a larger volume can be offered by taking out an
annual as opposed to a monthly subscription [22, 57]. This kind of incentive makes the
customer more loyal to the company. In the fifth form of characteristic, value
orientation, the service provider has valuable information about usage behavior and can
thus use the weakened information asymmetry to create an individualized offer. This

pay-per-performance revenue mechanism takes into account the added value for the
customer during service use when setting a price [56]. In this phase, offerings such as
temperature as a service, in which tenants pay for the actual room temperature
compared to the outside temperature [55], or services in the industrial sector, where
equipment availability, equipment performance, or improvements in efficiency are
guaranteed, are feasible [57].

5

Conclusion and Outlook

The emergence of the Internet of Things has provided unprecedented volumes of realtime data, making it one of the most valuable resources of the twenty-first century. To
systematically monetize this resource, organizational value creation and value
capturing is required, guided by the concept of data-driven business models. The
development and implementation of these models poses a considerable challenge to
companies due to their complexity, the required effort, and lack of experience.
To provide methodologically grounded support for this challenge, we identified key
components and characteristics which impact the data-based value creation and value
capturing built on a systematic literature review and assigned them to dimensions
following to the ontological structure according to [33]. The identified business model
components represent essential pillars of data monetization and serve as guidance for
the examination and design of data-driven business models.
However, despite the relevance of the results for practice and research the results
still face some limitations in terms of content and methodology. Thus, for instance, no
object could be identified in the context of the literature analysis, which could be
assigned to the value proposition dimension. Based on this, the question arose whether
the components data processing, data analysis and data utilization can also be assigned
to the dimension value proposition in parts or even completely, which depends
primarily on the corresponding business model perspective (internal vs. external). A
logistics company, for example, can process data internally and thus improve it, which
allows it to refer to the components as a value architecture in the sense of the resourcebased view [33]. In contrast, an analytics-as-a-service can store cleansed data and
generate knowledge from it to help customers make better decisions the client in
achieving more informed decisions. Which integrates the data into the value chain, so
that the components would be more related to the value proposition.
Furthermore, despite the integration of appropriate quality and exclusion criteria, the
chosen methodological approach and thus the selection of the business model
components as well as their characteristics is always subject to a certain degree of
subjectivity. Through the systematic literature review and regular consultations within
the research team, appropriate measures were taken to make the result as objective as
possible. For this reason, the formation of the components and the coding of the
characteristics were carried out independently by two researchers. Regular
consultations were held to reconcile the results and discuss any ambiguities.
From both the literature review and limitations, further research opportunities can be
derived. Within the scope of the analysis, an internal organizational view was taken in

the determination of the components. To complement this, external views (customers,
partners, suppliers, etc.) could also be adopted as part of future research to gain further
insights. Moreover, it would be meaningful to consider alternative business model
concepts and their dimensions, such as the Business Model Canvas [31] or the St.
Gallen Business Model Navigator [58], in order to possibly identify additional relevant
business model components.
Furthermore, the paper presents essential business model components that enable the
monetization of data. Further research could address the question of how existing datadriven business models could be further optimized regarding monetization. Within the
investigation, additional topics have emerged that may have direct or indirect impact
on data-based value creation and value capturing but go beyond the immediate object
of interest here. This includes that management support through appropriate
investments in suitable technologies and infrastructures is a key factor for developing
and implementing data-driven business models [14, 42, 53]. Moreover, due to growing
regulatory requirements, data protection is becoming an increasingly important—even
urgent—topic and must be taken into account when developing data-driven business
models [14, 39, 42]. Furthermore, establishing a data-oriented corporate culture and
integrating new job roles (e.g., data scientists) into the organization is another crucial
aspect, since mastering the emerging methods and technologies requires their deeper
understanding first [28, 51]. Finally, it would be valuable to examine the influence of
various characteristic manifestations of the components on designing and executing
business processes resulting from the business model and thereby shed light on the
aspect of monetization from a process perspective.
Even though our results show some limitations and there is further potential for
research, we are convinced that the identified five key dimensions and 23
characteristics provide a valuable foundation for assessing and designing data-driven
business models by both researchers and practitioners and help to better understand and
shape the mechanisms of data monetization.

Appendix
Table 2. Concept matrix – key components and characteristics of data-driven business models
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